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ABST~CT

We have described the impkrmmttiion of a graph
CaJprqpnming tool in the ob&-cnented Iaaguqe,
SInalltak-ao, thAt auowaa USerto constnlct ● raclb
graphic meamuan ent modd. The m easurement modd
can beuAtogalem&them~ ~b
a given ~moddof~~ob~.
In this pper, we dhbe extenaiona to thepphical

p~mnming toolthattiittobe uaedtopdonn
Bayesian infemnceo nrlarges et.aofobject param-
etm, gival real e~ * by opt- the
likelihood or -r probability of the puamdera,
giwm the rsal &k

1. INTRODUCTION

The object-oriental (00) pamdigm has rmmtly at-
trackf attmtion kMUW of its promise for code ~
useandeaae ofmabmken ce, in addition to the nat-
ural and intuiti we hnguage k promob for diacudon
of software [3], - We have built and d-bed an 00
pphical prc~ tool [1: that allowa ● w to
connect icoru, which rep~t data trandorma, on ●

canvM io order to define ● tilkrw diagram that ~
on a usa-defined object paranmterizdoa, In thisp

per, we describe an extension of the graphical program-
ming tool that dlowa the w to i.ntivdy optti
a lD functional of the output d the tillow cliagmm
with rupect to objcxt parune&a. We ~ the ui-
wtaga d p~~~ t~~tool~m
00 klguageo

We bdkve that theoptWion t-d willbe uaefd

to scientiata and eugbee far mcktrat w~
inference md hypothda tuting of~rk ob&t P
rametem given real rdographk data [2]. The genaral
problem for which th- tools are Lntenduf b the de
terminat ion of an objat of unknown dupe and wtri-
butio,~, dacribcxl by a uer-defined parameteriz.ation,
given IMted data gem:akl by s wdl.characterized,
user-deihd measurement system, The graphical pre
gramm.ing tool, in conjunction with a likelihood func-
tion, allows the user to dellne a complete model of a
measurement system. The mxcirnum likelihood (ML)
eatknate of the pararnetem that describe the experi-

mental object can be obtakmi using the optimization
tool. M “ a pukllon (MAP) 4.ma&a can also
be obtained, if ptir i.nfonnation ia ueed.

2. TEE m PARADIGM

The 00 paradgm u founded on the concept of an oh-
JCCL Ob~ have reqmnsibilitiu, or methods, and
dat+aaUnbwta To talk about objecq either to
oneanother inmftware analysis ordesign, or ta the
compuk in ● ~ -, u natural and in-
tuiti~ cince we thinkin ternM ofobjem Attnbuta
mewqmktdbym etklaaothati ntemaldatactor-

w, ~ and manipulation, ia not important ta
the “outide worid”, whiuI can only obtain information
about the attributa by meuogmg the object to pa-
form amne method. Encapulstion and mesaging f~
cilitate the cmstmction d Mble, euy-to-und~t.and
software modules. ClauaJ KV tanpku of objects, and
are contakd in clau krchk, wherein sukhes
nsh.eni methods and attributu b aupemksea, so
that code & reud and sensibly qanized. Fiiy,
~i.ng ia eUm.&mtd with the use of dpwnu bd-

w.
We are using FmaUtalk-fl(l and the VisualWorka prG

~ anvkonmult * ParcPlace Syutema in con-
junction with C, Fbrtran, and X-Wmdoww Smal.ltalk-
8oiasplreobjeCt ‘~ P~ -!
whi& tn.lly axmraga objmt-orienkl thinking. How-
-, h poa pdonwl’ce in executing bOp9 and rm.
merical computatkma iIM forced ua to u C and For-
tran for num~ically ‘mtenaive computations snd X-Wmdowa
fol Icm’pkte!nsivwgraphia,

a. AN 00 GRAPEXCA.L PROGIUMMING
TOOL

The graphical progrr tool Openta u follows
(refer to Fig. 1). The w b presented with ● am-
W, on whldI appear buttons that allow the user ~o
add items to, or ddete items from, the camas. The
user cnn add or ddete TraMf o- and Connoct ions.
Transforu map input Data to output Data md are
rep~ttxl on the ccreen by am icon, The user optxi.tlea



the data-flow by cormect”~ one Tranafom to another
using a Corumction, which u rep~ted on tne smeen
M a set of comtied line qrnenta.

The Tranaforu are “living” objectn, and the user
CM interact with them ‘m aeverd waya. He can we
a description of a Tranaform and change the parun-
et- that define it. T’he user can alm ~ t~
Traaafom to display its output. T’hia ~e u for-
warded to the Transfom’s output attribute, whkh u
messagd to display itseff. ‘T%efact that ~be Traaafom
ob~ are alive disti.n@ak tbia graphid program-
mingtool fromonethatti ●ueerticonztmct and
visualize 4 Zaipt that Containa a qalce of actiona to
be executed in a certain orda.

We have written * for several categctrka cd
‘,~WfO~, i.dldi.ng Hulti InputSin@eOutput (A4
Hultiply, Subtr-et), SinglsInputSingloDutput
(confolutiol& Ex-ponmltial, Log, Loglo, SqRt, S*
Ccq LmoIntcgral, Para.1161LinoInt@ gral) and net
input aingl=utput (Pazawtor and i~ mb~).

Par-tar and ha m~ define theobject modd
that u the input to the meazuement modd dellned ~
the tiflow diagram. For exampk, s
QaomatricDbjactHodol hm a liatof~uonta tint
might contain ● PolygonXl, a Bezior2D, a tikid2D, and
a Unifotirid2D.

4. AN 00 OPTIM-fiER

h: the output # them emm5ment ayatem model qec-
i.tied by the d.atdow diagram be predicted ~ d((?),
where 19u a ~ of parazneteza that ddlnu the object
rnodd. For ~ple, @ = {tl~j} might be the set of
density values in a L?nifoflrid2D cd 13.xed ah If
the=has d.a@d, thatare~ by arealm-
surement system that comuponcb wd to the measure
ment system model, plus mme wMkive noise, n, with
pida.bi.lity distribution P~(n), then J%(d - ~(e)) ie ●

ID functional on the output of the -tltm %,
calkd the IikeUhd function. OpthdZing J’~(d-d(@))

over 0 producu the ML eetimate of 0 given the ~
d, If Po(8) la ● prior probability distribution over d,

then 4(8) = lqd~N(d-c?((?)) ]+~Pe(@)] b A ID func-
tional called the log patdor. M ‘ “ ‘ J +(0) Uver
L?producu the MAP -hate of t?, given the &t& d.
Thus, the capabifky for opti.mking ID functional of
data-flow clbgramm i.nch~des the c+a.bility for solving

Ba@an inference problems.
We have extended the graphical programming tool

to include GauMian likelihood functlona and the abi.lky
to optimize them with respect to obj=t-model pezazn-

etm using conjugate gradient (for unconstrained prob
Iema) and gradknt descent (for constrained probkma)

methods.

4.1. m revame adJQlnt metbci

We obtain the ~uijent of the log likelihood with re-
ap-toobjcct muddparameters (~)uaing arevuae

_ ~, which iznpl~ts the chain-rule for
diff~iation t%omback ta front [4J.

For exampk, let ua ckflne ● aimpk measurement
modd (refer to Fw. 1) wherein d(z) cknoten the da&a
predkted by taking line integrals of a UnifoWrid2D
ob~ X z, usiq &’AMfOrlIl L, to prOdJ& path-
kngtha, V, which are that pointwke exponmciated co
produce attenudiona, z, and convchd with a point

e fU@MI repre=dd by the matrix H to finally
produce d(r). ‘1’huI

(i(z) = H(E(L(z))) (1)

iaan apPmmmUion toatrueradiograp& measure
m-t system that can be dy built using the graphi-

~P~-
Ifourreal dstaared, mciwe~e tbattbey

areproducUi tyaddiqwhitegmWiM noiae totbe
data prafictq by the tnlt object Z.,”g, tkl # h .*t
the norm d d - d, and the deriwtive of # w.r.t. d in

&
juatd’’=2 d-d). Tbedaivati\w of#w.r,t. zu
jlut z”=. ~, that b, the @int -or for the
Convolution tiiq on the the Data ~ W to it
by the Likcllho-od- ?ddlarly, the derivative of+ w.r.t.
ui,ajustu”.- ~-v-z= = ~Z-, where . i., pOillt-

ti multiplkatia and v ia the cummt input to the
Ezponcntial. Fhdly, the derivative o# ~ w.r.t. the
objmt p.uameoma z a be twd ~ “bac@oj+xt-
ix& the djoi.nt Data V“ to prodwe z“ = LTM”.

ThLu, the daimtive of # w.r.t. z can be mittux

v # = LT(4’(H’WL” d)))) (2)

Thiaquation~a ~adjoint” irnplHren-
tation, M Trmafom must know how to cakulate
the deriva,tk of its wkputa w.r.t. ka inputs. Th- are
the %nakMty roatrka” LT, ~, ~, whidI may wdl
dqxmd on the cunent inputstateof the Tran.afom.
htber than cakulating the sexwitlvky matti qLlc-
itly and thm having thm operate orI the djoiit Data
* ~ horn the u~~ream Transfo~ we write ad-
joint operator coda that MtomaticsUy prom= the d-

joint Data set to produce a new adjoint Data eet with-
out c.almdatl.ng the sensitivity IZ@rica explkltly, %,
for example, we don’t explicitly c.akuhte ~, whkh b
diagonal but rather w the ulJoint Data z“ to produce
the adjoint Data V“ = - q-v.z” = H(u)z”, Which

only requhea ● vector multiply.



Extending the rqxmaibility of Transforms to include
an MsOCiated adjoirlt grdknt Operatk U euily &cc&
rno.dated inourmpmgrmdng mvkonmat. The
adjoint method taka Data that b the st.mcture of a
Tranafom output arid map it into Data that hM the
structure of ● Tranzform input. Dud to the &t&bw
mode of operation, hme outputa 0/ t~e &&m di-
agrern qumy prewimla Tranafo~ to gonoratotitput
until eventually Puantorc are encountered and just
retl.lm ttiwu, in the gracklt-w mode of ~
tion Para80tors query forward Transform to
ganoratsAdjointDutput until eventuallys Likelihood
u encounter d retuma the et d itd with re
sped to the p~t utate of Ml input. T%ua, th~ grrdi-
ent4 flow backwards, or in reveme, until each Par.mot9r
eventually retu.mu th- G client of the Likelihood with
reqmt to itmlf.

Connection.s are & modikl in orck to propctgate
Data in both directioru. When ● Conncctiom Lato4d to
gotDat- It~ the Data &t.m the previou Trmfom
and =ds it to the one upatrcam rquating it for inpat.
When a Connection la told to gotAdjointDatq it gets
the adj ointData b the TraMf om u@ream and
smxla it to the Transfom downstream, requuting it
aa an adjoint Input.

Note that, in generq computing the adjoint ~
diem operator requira that the Tranafom kn- the
current .~ate of ito input, since the dtivatim may well
depend on the input (the Fxponcntial, ●.g.). Thus,
it u naturml to bu.mib the Tranafom with itz current
state (stored in ita Iapat) ~ we have done.

Pu-~tora are given extended rq+xwibilitbes in
order to accommodate the existing optimization atmte
giuj b particular, all Puam9t@rs mwt ba rapocd-
ble for add’ing themudves to and m.btrnct’ing than-
aeivea from any inatamce of the same Clz_. Parmstora
k mutt b-e able to milt iplyBy9calu :aScalu, dnd
their nom md detenni.netheir
innorProductHith: anDbjoct for anObjoct tlmt u arI
inntance of the same b. Fhrthenmxe, we have made
ooine Pa.ranters txpabk of pro@ing tharueiv~ onto
ctiain constraint rota, namely upper and lower boundo.

since addition, aubtMIon, mu,itipkation by ccabr,

norm, inner product, and constraint aatbfaction are all
the rqonaibility of Puantorn, the Optimizer logic
can be applied to very dif?erent typu of opti.mizationo
probierns, ●.g. one or two-dimensional de-convolution,
tomographic inversion, invemion from noi9y nordi.neu
point functions, etc. The iogic in the Dptitizcr can
work for any vector rp.ace, regardi- of ita detailed
structure. The detailed atructu.re of the Parametem
being optimized ia taken care of in the implementation

of the hmhmend vector apace operations (addition,
muitipi.ication by acdar, etc.). The encqm.dation and
polymorphism provided by the Puamators allowa uz to
con~ on buildng and ulapting robuzt, a.intrect,
opt” -JmZatim al@thma that call be widely employed

4.3. Cap&with

The - apxifkz that ● Puawtar iz to be optimizd

h cormmtingit to the Dptlmizcr. The user can apm-
ify u optimization st~ (conju@e grulhmt or ~
dicnt demaa), tokmxes, and muimum munber of
iteratioua for the global * and ti line ~
tion, and gets feedbad on the current step are, num-

ber of global iteratioaa, and the number of likelihood
evmutinna thus far.

At MY point during the optimization, the w I-UI
intemtpt the Dptlmizor m that be can aee the preunt
state cd Lhe mlutti (d Dats prdictd by the pa
Ccfhltiorl)by U&g tbegraphical prog~irtool, which
Cot@.na icons tbatrquwent the”uve” Data bcingop
timizui’rh epreuntmhmilxlcul bemOdieedintm-
actively usiIlgmOdeuirlg toobtilatere Called by irk
K@ with the icon that rep~ the Par-tcr of
intmeEt. Traasforu caJlalmlMdlMgeJd at anytime.
‘IlleiOgliMbcmd Mdukeiihoo’( icmbepiottd alla
functicm detepalongtbe ~ grulient direction,

andtheeHect ofstepp@ aiongthegrdmt from the
edution forvarimtao tepsizu~be~
easily. h c+ab41ith = vuy uaehi for undm-
standing bowtbeoptimhtimbwork .ing, aawel ias
for guicUng the llptld~or toward a mlution.

No@ that s ‘global” derivative of @ w.r.t. ob~

em is &t&led by q~” ~PU@ ~d
metboda operating cm estcapulated ti For example,
onecan~tha hlrldamelmi ~tation of the

object ducribed above by having ● ~oly~o~ paranw

khdcm 0 that fda mto a ConvartToUnif omGrid2D
Tran.afom to produce s 0nifotirld2D z. One mn
wtbeprevious graphidprqram ~itia, andjuat
W. the new Transfon ‘before” z. Then z*, the
daivative of # w.r.t. z, can be badpropogakl to prc+
duce @“, the derim.tive of @ w.r.t. 8. The ability to
-e modeh of the experimental objmt auggeatsa
“lewdofdetsii” appti to optimization (called muiti-
scale if the mxeduliy-rdllwl puametesizationa are

tlnif o-r id2Da with amailer pixels ud called muiti-
grid K the puamderizatiom are Nccessftdy-re!hd ge-
ometrical dacripths).

Finai.iy, the DptUzcr cm be ti to probe the
confldeme that the user should have in the final ooiu-
tion. The w can select two statu of the Puamator
eet, say PI and ~, and ask the Opthnher to provide a
on~dimenaionai plot of the likelihood M a function of



thenew Pumotm met, of, +(1 -a)fi. For cxmple,
oae could puturb ● Polygoa2D dutioQ PI, ~ mov-
ingahQundrry wrtext-o Anewlocalio,l tOpfoducefi.
Plotting the WdihOod Ma functicm ofoP*+(l-a)~
w’oubdth.im*th?~ one8111mlM kin the
POdthxlo fthatha .ncbyvata-mbrmi Welibod
meuuthat there aretnanypaitiocu of thehoudary
pOiDt tht MI! -y My, and m the POSitim of thAt
V- should not be trusted

5. SUMMARY

ThedvuX.agaofanOOhguageare encmnousin
the Corlmxt of graphicalpmpammk& graphim Ob

~~d~im Notonlydidthe OO
prul@ rruti extedng the gr*~ W-
tool to inclu& optimization eui~ than we eqectd,
it ah atimuhted oar ueativity. The p-o@91tial aten-
sions we emiuion ta intuactive, grqhkal optimization
using the hndatkn mhaw? “cbcLwedlnthis~
Ue veryexdtiug.

ourimmdat4 futureP4am i.ncluieext6.bg the

2D rachogrq& ~ model t03D~dyhedn
and wohunetric @ds. We h plan to kmp0r8&
ot ha mmmmmmtmmk~,cudm~ *(that
meuurmatui.or- bca.tion)a mdsurf-vekx’ty
ti Ultimtely, = atvidon 3D t~ object
ad menmmmmt models thatwill beuwdtoflwwb
Eroma&etyd “~ -~
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